Introduction
Genome-wide association studies (GWASs) have been successful in identifying many DNA variants, namely single nucleotide polymorphisms (SNPs), associated with complex and common diseases. The basic mechanism of GWASs is indirect mapping of disease loci through linkage disequilibrium (LD) among physically close DNA variants, facilitating the use of tag SNPs to survey the whole genome. Their effectiveness also depends on the validity of the common disease-common variant (CDCV) hypothesis. In spite of the success of GWASs, for most common diseases the proportion of the overall phenotypic variance explained by the discovered disease-susceptibility loci remains very small [Maher, 2008] . Among several possible explanations, we consider two. First, because the effect sizes of most discovered risk loci are quite small, and they account for only remarkably small amounts of the phenotypic variances, it is likely that many more loci with much smaller effects remain to be detected. As Flint and Mackay [2009] showed in their review, the distribution of effect sizes at 140 loci discovered so far for 20 human disease phenotypes ranged from odds ratio (OR) 1 to 2.4, with the overwhelming majority between 1 and 1.4 and with a mode of only 1.2. However, as observed in a recent multi-stage study [Willer et al., 2009 ] that detected six previously unknown common variants influencing body mass index (BMI), despite the huge sample sizes (n = 32,387 in stage 1 and n = 45,018 in stage 2), the eight known loci explained only 0.84% of the variance, although family and twin studies have shown that genetic factors account for 40-70% of the population variation in BMI. Second, an alternative to the CDCV hypothesis is the common disease-rare variant (CDRV) hypothesis, which states that for complex diseases there is extreme genetic heterogeneity and that the disease etiology is caused collectively by multiple rare variants with moderate to high penetrance, as supported by some recent studies [Azzopardi et al., 2008; Cohen et al., 2004; Ji et al., 2008; Walsh et al., 2008] . More theoretical and practical arguments supporting the CDRV hypothesis have appeared in the literature [e.g. Bodmer and Bonilla, 2008; Gorlov et al., 2008; Pritchard, 2001; Pritchard and Cox, 2002] . Although still highly debated, both hypotheses have merits, and it is likely that, for most complex diseases, the allelic architecture of susceptibility variants has a wide range of allele frequencies and effect sizes [McCarthy, 2009; Schork et al., 2009; Wen et al., 2004] .
Therefore, from a methodological point of view, it would be desirable to develop statistical methods that can address both of the issues raised above. First, dealing with small effect sizes of common susceptibility variants requires the use of a statistical test with the highest possible statistical power. Due to the existence of LD, it seems more effective to use multiple variants or SNPs in an LD block or a candidate gene region. Although in theory there is no single most powerful test for multiple SNPs across all scenarios [Cox and Hinkeley, 1974; Pan, 2009] , some tests tend to have higher power in many common situations [Chapman and Whittaker, 2008; Pan, 2009] than others. In particular, as advocated by Wang and Elston [2007] , one needs to strike a balance between using multiple SNPs and the thus incurred high cost of large degrees of freedom (DF) or of multiple test adjustment. A simple test called the Sum test, similar to a test proposed by Wang and Elston [2007] , summarizes information across multiple SNPs in LD with only DF = 1 and needs no multiple test adjustment. It was shown to have high power in some situations, but, unfortunately, not in others [Chapman and Whittaker, 2008; Pan, 2009] . It is the first goal of this paper to modify the Sum test in a dataadaptive way so that it can maintain high power across most scenarios.
Importantly, to address the second issue raised above, the Sum test or its modifications should be applicable to detect disease association with rare variants. Note that most of the existing tests were proposed under the CDCV hypothesis, and may not be applicable to a situation with rare variants. To our knowledge, there are only three tests specifically designed under the CDRV hypothesis [Morgenthaler and Thilly, 2007; Li and Leal, 2008; Madsen and Browning, 2009] . A key idea shared by the three tests for rare variants is to group or collapse multiple variants, a feature closely related to the Sum test. It is the second goal of this paper to show the effectiveness of the modified Sum test for rare variants, and more generally, to extend it to detect disease association with both common and rare variants. In particular, we show that in some situations the modified Sum test significantly outperforms any of the three existing tests, while for others it performs similarly to the three tests.
Methods

Logistic Regression for Common Variants
Given m independent observations ( Y i , X i ) with Y i = 0 or 1 as disease status and X i = ( X i 1 , …, X ik ) as genotypes at k SNPs in LD for subject i , we would like to test for any possible association between the disease and genotypes. As usual, we use the dosage coding for X ij under an additive genetic model: X ij = 0, 1 or 2, representing the copy number of one of the two alleles present in SNP j of subject i , though other genetic models can be adopted. Many multilocus association tests are based on fitting a logistic regression model
A global test of any possible association between the disease and SNPs can be formulated as jointly testing on the multiple ␤ j parameters with the null hypothesis H 0 : ␤ = ( ␤ 1 , …, ␤ k ) = 0 by one of the three asymptotically equivalent tests: the likelihood ratio test, the Wald test and the score test. Under H 0 , any of the three test statistics has an asymptotic 2 distribution with DF = k . The generalized Hotelling's T 2 test [Fan and Knapp, 2003; Xiong et al., 2002] is closely related to the score test [Clayton et al., 2004] . A potential problem with the above tests is the power loss due to large DF for a large k .
In contrast to a global test, another extreme is to conduct a single-locus test for each SNP [Roeder et al., 2004] . Rather than including all k SNPs, we can include each SNP sequentially in a series of univariate or marginal regression models:
where we explicitly distinguish (2) from ␤ in the joint model (1). One would proceed by testing H 0 : ␤ M , j = 0 for each j = 1, …, k sequentially. Each test can be done with only one DF, but a multiple test adjustment has to be made based on numerical solutions [Conneely and Boehnke, 2007] , permutations or other methods. The method is equivalent to choosing the univariate test for ␤ M , j with the minimum p value, and is hence also called UminP method.
Most of the existing methods fall into one of the two extreme categories mentioned above. The limitations of the two extremes have been well recognized and induced the development of new Han/Pan Hum Hered 2010; 70:42-54 44 methods. A general strategy is to capture full information in all ␤ j 's while reducing the cost of large DF or adjustment for multiple testing, but the key is how to reconcile the two possibly conflicting goals. A weighted score test [Wang and Elston, 2007] and a Sum test [Chapman and Whittaker, 2008; Pan, 2009 ] are two such attempts.
The Sum Test
The Sum test can be used to strike a balance between jointly modeling with multiple SNPs and its resulting large DF: while using all the SNPs, it adopts a key and generally incorrect working assumption that all SNPs are associated with the disease with a common OR:
where ␤ c reflects the common association strength between the disease and each SNP under the working assumption. The main advantage of the Sum test is that, because it tests on only one parameter ␤ c , there will be no power loss due to large DF or multiple testing adjustment. Generally, the common association parameter ␤ c in (3) is an 'average' (or more precisely, a function) of the individual ␤ 1 , …, ␤ k . In linear regression, Pan [2009] showed that
where ␤ ˆ c is the normal-based maximum likelihood estimate (or least-squares estimate) of ␤ c in a linear model analogous to (3), and ␤ ˆ M is the maximum likelihood estimate of ␤ M in the marginal linear models analogous to (2). Now it becomes clear that the main problem with the Sum test is its dependence on the signs of ␤ ˆ M , j , or on the codings of each SNP (i.e. which allele is chosen as the reference category). If the signs of ␤ M , j are quite different, it may result in a small ␤ ˆ c , and thus in power loss. Hence, before applying the Sum test, based on some ad hoc heuristic, one needs to choose the codings of the SNPs to maximize the number of their positive pairwise correlations [Pan, 2009] : (1) calculate pairwise Pearson's correlation coefficients between any two SNPs; (2) see which SNP s has the largest number of negative correlation coefficients, say n s , with other SNPs; (3) if n s 1 k /2, then flip the coding of SNP s , and repeat the above process; otherwise, stop. Unfortunately, such an endeavor does not guarantee any good performance of the Sum test. A similar issue exists with the weighted score test of Wang and Elston [2007] . Below we propose a data-adaptive Sum test that overcomes the above-mentioned limitation of the original Sum test.
A Data-Adaptive Sum Test
The problem with the Sum test is that, as shown in equation (4), because the estimated common effect ␤ ˆ c is a linear combination of the components of ␤ ˆ M with always positive coefficients, the test may have reduced power with a small ␤ ˆ c when the components of ␤ ˆ M have different signs. Hence, a natural approach is to choose the coding of each SNP j based on the sign of ␤ ˆ M , j , which is data-adaptive and may lead to inflated type I error rates if no adjustment is made with the null distribution. Our proposed data-adaptive Sum (aSum) test is based on such an idea. However, critically, we need to address the following two issues. First, how to modify the null distribution of the resulting test statistic such that the type I error rate will be well controlled, and second, how to increase the power of the aSum test. Our proposed implementation below addresses both issues.
Step 1 With the original data {( Y i , X i )}, we fit the marginal regression model (2) to each SNP j , obtaining ␤ ˆ M , j and p value p M , j , for j = 1, …, k .
Step 2 With a chosen cutoff ␣ 0 for each j = 1, …, k , if ␤ ˆ M , j ! 0 and p M , j ^ ␣ 0 , we change the coding of SNP j from X . j to X * . j = 2 -X . j ; otherwise, no change is done with X * . j = X . j . Note the resulting data {( Y i , X * i )}.
Step 3 With the new data {( Y i , X * i )}, we fit the common-effect model (3), obtaining the usual score statistic U under H 0 : ␤ c = 0 , its variance V and a p value p from the test statistic U / ͱ V with the usual null distribution N (0, 1).
Step 4 By repeatedly permuting the disease indicators of the original data, we obtained B sets of permuted data {(
, X i )}, we repeat the above steps (1) to (3), obtaining the score statistic U ( b ) for H 0 : ␤ c = 0 and its usual normal-based p value p ( b ) . A proper permutation-based p value for the aSum test, called aSum-P, is calculated as
Step 5 Calculate the sample mean and sample variance (or covariance matrix, in general) of U (1) , …, U ( B ) as U 0 and V 0 . The aSum test statistic is
which is compared to a null distribution a , …, U ( B ) . Remark 1 In step 2, the choice of 0 ^ ␣ 0 ^ 1 is related to the power of the aSum test. Trivially, if ␣ 0 = 0, the aSum test reduces to the usual Sum test. If ␣ 0 = 1, we choose the coding of SNP j based on the sign of ␤ ˆ M , j , which is perhaps the most intuitive way to overcome the problem with the Sum test; however, as will be shown later, the corresponding aSum test has low power because the resulting null distribution has heavy tails. Hence, we would like to choose a relatively small ␣ 0 such that (i) under H 0 , we do not tend to change the coding of any SNP, and (ii) when H 0 does not hold, we would like to change the coding of an SNP with negative ␤ ˆ M , j . As a compromise, by default, we used ␣ 0 = 0.1 throughout the study. As will be shown, we found that ␣ 0 = 0.1 performed well across all situations considered here. Nevertheless, the optimal choice of ␣ 0 should depend on the data at hands, and hence some data-driven methods of choosing ␣ 0 will be useful. One possibility is to choose ␣ 0 to maximize the (estimated) power of the resulting test, as discussed in Pan et al. [2010] ; more research is needed.
Remark 2 In step 3, we implement the aSum test with the score statistic, although the Wald test statistic can be equally applied.
Remark 3
The permuted data in step 4 are generated to estimate the effects of the data-adaptive nature in step 2, and thus accordingly to adjust its null distribution. Note that the normal-based p value p is no longer a genuine p value because the usual null distribution N (0, 1) is not valid and a necessary adjustment has to be made; as shall be shown later, the direct use of p (called naive aSum, or naSum test) will lead to dramatically inflated type I error rates.
Remark 4
Step 5 is optional in calculating the p value of the aSum test by a theoretical null distribution. Although it depends on the use of permutation, in contrast to the aSum-P, it may not require a large number of permutations, B , to reach a small p value; by default we used B = 100. However, this theoretical null distribution is only an approximation, which may or may not work well.
Remark 5 By the Central Limit Theorem with a large sample size, U should have an approximately normal distribution, and thus the test statistic aSum should have an approximately 2 d as its null distribution. However, as is to be shown later, we found empirically that the null distribution of the standardized U tends to be slightly right-skewed (due to its data-adaptive nature), and hence we used a scaled-shifted 2 d as a null distribution to correct for its skewness. a and b are obtained by the well-known Satterthwaite [1946] approximation.
Tests for Rare Variants
To our knowledge, there are only three existing methods to test the association for rare variants for case-control data: the cohort allelic sums test (CAST) [Cohen et al., 2004; Morgenthaler and Thilly, 2007] , the Combined Multivariate and Collapsing (CMC) method [Li and Leal, 2008] , and a groupwise weighted Sum (w-Sum) test [Madsen and Bowning, 2009] . For rare variants, neither joint modeling nor univariate regression on individual SNPs works, and some grouping is needed. Since most disease-associated rare variants discovered so far are nonsynonymous sequence variants in some candidate genes [Cohen et al., 2004] , it is natural to group nonsynonymous variants in a gene. However, a recent study has identified some susceptible rare noncoding variants [Haller et al., 2009] . Madsen and Browning [2009] suggest grouping variants according to a functional element, such as gene, pathway and ultra-conserved area. In particular, the CAST works by first collapsing the genotypes across variants into a new coding: X i , C = 1 if any X ij 1 0 (i.e. any rare variant is present), and X i , C = 0 otherwise. It then tests the association between the disease and this new X i , C . It can be regarded as fitting a logistic regression model
and testing H 0 : ␤ C = 0. Comparing models (3) and (4), it is clear that the CAST is closely related to the Sum test: both test on only one parameter representing some common effect of the variants; they differ in their use of the new genotypic coding
to the use of a dominant genetic mode versus an additive genetic mode for the effects of the individual variants. Note that for rare variants, we have X i , C ; X i , S . Hence, it seems natural to apply the Sum test to rare variants. More importantly, if the effects of the rare variants are in opposite directions (i.e. some are protective while others deleterious), the CAST will encounter the same problem as the Sum test discussed in the context of common variants. In that case, it would be better to use the aSum test. Note that recent studies have confirmed that nonsynonymous sequence variants in certain genes are preferentially enriched at either or both of the extremes of a phenotype's population distribution, suggesting that the effects of nonsynonymous variants could be either harmful or beneficial, although most are harmful [Cohen et al., 2004] . In fact, some nonsynonymous variants in gene PCSK9 have been discovered to be associated with lower plasma levels of low-density lipoprotein cholesterol (LDL-C) (e.g. only present in low-LDL subjects), while others are associated with higher levels of LDL-C [Kotowski et al., 2006] . Li and Leal [2009] modified the CAST to improve its performance with both rare and common variants. Specifically, for any rare mutations with minor allele frequencies (MAFs) of less than 0.01, they will be combined into a new group as in the CAST, while each common variant (with MAF 1 0.01) forms its own group, and the generalized Hotelling's test is applied to the thus formed multiple groups. We can modify our aSum test in a similar way: we combine the rare variants into one group and combine the common variants into another group by summing over their genotypic codings (which are data-adaptively determined as before), then test on the two corresponding regression coefficients in a logistic regression model. We call the resulting test aSumC test.
There are two potential advantages of the aSumC test over the CMC test, as will be shown. First, the aSumC test overcomes the problem with different association directions of the functional variants, from which both the CMC test and the w-Sum test [Madsen and Browning, 2009 ] suffer with possibly significant power loss. Second, with only two groups, the aSumC may have a much smaller number of DF and thus higher power than the CMC test.
Other Tests to Be Compared
We will numerically compare the proposed aSum test with several other tests: the multivariate score test, the sum of squared score (SSU) test and its weighted version (SSUw) on H 0 : ␤ = 0, all based on the joint model (1), and the UminP test for the marginal models (2), as considered in Pan [2009] .
Based on model (1), we can derive the score vector and its covariance matrix as 
where U j is the j -th element of U and v j is the ( j , j )-th diagonal element of V . Under H 0 , the first three statistics have either asymptotic or approximate 2 distributions [Pan, 2009] , while the distribution of T UminP can be numerically obtained [Conneely and Boehnke, 2007] .
Next we review the w-Sum test of Madsen and Browning [2009] for rare variants. It is still based on the basic idea of grouping rare variants, but differs from the Sum test in (i) using a weighted sum, instead of a simple sum, of the rare variant scores for each subject, and (ii) comparing the ranks of the weighted sums, rather than the sums, between the case and control groups. Specifically, if A = { i : Y i = 1} and Ā = { i : Y i = 0} denote the sets of cases and controls, respectively, the w-Sum test is constructed as follows.
Step 1 Calculate weight w j = ͱ m j q j (1 -q j ), where
, m j is the total number of subjects genotyped for variant j , and n U j is the total number of controls genotyped for variant j .
Step 2
Step 3 Generate a permuted dataset b (by randomly shuffling the disease labels), and calculate the corresponding R ( b ) . Repeat for B times.
Step 4 The test statistic is T w-Sum = ( R -R )/ ͱ Var( R ), where R and Var( R ) are the sample mean and variance of { R (1) , …, R ( B ) }. A p value can be obtained by referring T w-Sum to a standard normal distribution. Alternatively, a permutation p value can be obtained by comparing R with { R (1) , …, R ( B ) }.
Results
Common Variants
Simulated Data with Compound Symmetry Correlation Structure: Ideal for the Sum Test We first consider an ideal situation for the Sum test: there is a common association strength between any SNP and the disease, as considered by Wang and Elston [2007] and Pan [2009] . Specifically, we simulated k = 10 marker SNPs with sample size n = 500 cases or controls. The disease-causing SNP was assumed to be in the center of the marker SNPs, but was removed from the data. First, we generated a latent vector from a multivariate normal distribution with a compound symmetry covariance structure: there was an equal correlation = 0.4 between any two SNPs. Second, the latent vector was dichotomized to yield a haplotype with the allele frequencies of the marker SNPs randomly between 0.2 and 0.8, while the MAF for the disease-causing SNP was fixed at 0.2. Third, we combined two haplotypes and obtained marker genotype data X i = ( X i 1 , …, X ik )ʹ (after removing the disease-causing SNP X 0 i ) for subject i . Fourth, the disease status Y i of subject i was generated from a logistic regression model:
where we chose ␤ 0 = -log 4 to give a background (i.e. not caused by the causal SNP) disease probability of 0.2, and the OR ranged from 1 (i.e. no association) to 2. Finally, following the case-control design, we sampled n cases (with Y i = 1) and n controls (with Y i = 0). We excluded the disease-causing SNP, supplying {( Y i , X i ): i = 1, 2, …, 2 n } as a dataset to various statistical tests. For each setup, we simulated 1,000 datasets from which we obtained an empirical size or power for each test as its proportion of correctly or incorrectly rejecting its H 0 .
The results for the sample sizes n = 500 (i.e. 500 cases and 500 controls) and n = 1,000 based on 1,000 replicates are shown in table 1 . It is clear that the aSum test and its permutation-based aSum-P performed best with the properly controlled type I error rates and highest power. In particular, we note that the naSum test (which does not make any adjustment to its null distribution) yielded much-inflated type I error rates 1 0.50. Figure 1 depicts the empirical distributions of the various statistics from 1,000 replicates under the null hypothesis (i.e. OR = 1) with n = 500. It is noteworthy that the usual score test statistics U / ͱ V were centered at 0.3, not 0 as dictated by the usual null distribution N (0, 1) in the conventional situation, due to the data-adaptive choice of the SNP codings, explaining why the use of the N (0, 1) as the null distribution would lead to inflated type I error rates for the naive naSum test. By an adjustment with permuted data, the distribution of ( U -U 0 )/ ͱ V 0 was close to N (0, 1), though the former seemed to be slightly right-skewed ( fig. 1 c, d) , which motivated the use of a 2 1 + b as a reference distribution for the aSum statistic ( fig. 1 e, f) . If 2 1 was used as the null distribution for the aSum test, we found that the resulting test was conservative with some power loss (results not shown). The empirical distribution of a was characterized by its three quartiles 0.927, 0.997 and 1.090, and by its mean 1.019, , 0.068 and 0.163, respectively. Hence, in summary, the aSum test statistics had the best fit to the theoretical null distribution a 2 1 + b . Table 2 lists the results for the aSum test with various values of the cutoff ␣ 0 for n = 500. It seems that the results were not too sensitive to ␣ 0 for ␣ 0 around 0.1. However, for ␣ 0 = 0.5 or 1, there was a substantial loss of power.
HapMap Data for Gene CHI3L2 Wang and Elston [2007] and Pan [2009] conducted a simulation study based on real LD patterns within the CHI3L2 gene as observed in the HapMap data, for which the Sum test performed well. The SNPs of the CHI3L2 gene for the 90 CEU (Utah residents with ancestry from northern and western Europe) individuals from the HapMap site were downloaded in June 2008. For data processing, the same procedure as the previous authors used was followed : first, we excluded SNPs with MAF ^ 0.2, leaving 23 SNPs. Second, we did a single imputation for each of the missing genotypes by randomly drawing an observed genotype of the same SNP. Third, we used the dosage coding for the SNPs and applied the algorithm described earlier to minimize the number of negative pairwise SNP-SNP correlations. Fourth, we deleted redundant SNPs that were perfectly correlated with other SNPs. There was substantial LD among the remaining 17 SNPs as indicated by the distribution of their pairwise Pearson's correlation coefficients, which ranged from -0.388 to 0.989. Fifth, we repeatedly sampled (with replacement) subjects from the 90 CEU individuals. Finally, we chose SNP rs2182114 as disease-causing and generated disease indicators from the logistic model (6) with the same ␤ 0 and other possible values of OR.
The simulation results for the sample sizes n = 500 and n = 1,000 with 1,000 replicates are shown in table 3 . Here the aSum test had a correct type I error rate. Furthermore, it had the highest power with a slight edge over the SSU and SSUw tests. In particular, it outperformed the Sum test, although the latter also worked quite well. We also noted that the naive naSum test without adjustment again had highly inflated type I error rates. , N (0, 1) ( d ) and 2 1 ( f ), respectively. All are based on n = 500 and 1,000 replicates of the simulated data with a compound symmetry covariance structure.
Color version available online
HapMap Data for Gene IL21R As shown by Chapman and Whittaker [2008] and Pan [2009] , the Sum test did not perform well in the region of gene IL21R. We followed exactly the same steps as for gene CHI3L2 except that the disease-causing SNP was selected randomly and then excluded from the data in each simulation run. At the end, we had 28 SNPs.
The simulation results based on n = 500, n = 1,000 and 1,000 replicates are shown in table 4 . As expected, the Sum test had low power, while the UminP test was most powerful. Nevertheless, the power of the aSum test (and its permutation-based version, aSum-P) was only slightly lower than that of the UminP test. Note that the naive naSum test had highly inflated type I error rates.
As suggested by a reviewer, we also downloaded phased haplotype data of the 60 HapMap CEU subjects. We followed a similar procedure as before (except that there was no need to impute because there was no missing value), leading to 20 SNPs. The results for the two sample sizes based on 1,000 replicates are shown in table 5 . The same conclusions can be drawn: the UminP test had the highest power, closely followed by the aSum-P and aSum tests; in particular, the aSum-P and aSum tests were much more powerful than the Sum test.
Rare Variants Simulation Setups
We independently generated k rare mutations, each with a mutation rate or MAF uniformly distributed between 0 and 0.05 with the constraint ⌺ k j = 1 MAF j = 0.05 or 0.01. The disease outcome was generated from a joint logistic regression model (1) with sample size n = 500. Several cases were considered. (i) Ideal case: with all ␤ 1 = … = ␤ k = log( OR ); (ii) nonideal: ␤ 1 = ␤ 2 = ␤ 3 = log( OR p ), ␤ 4 = ␤ 5 = ␤ 6 = log(0.5) and ␤ 7 = ␤ 8 = ␤ 9 = log(2). In addition, for each case, we also considered adding a few independent and nonfunctional (i.e. noncausal) common variants or rare variants, and investigated the corresponding power properties of the various tests.
Simulation Results
For the ideal situation with all causal associations in the same direction, the simulation results based on n = 500 and 1,000 replicates are shown in table 6 . It is clear that the Sum test and the w-Sum test of Madsen and Browning [2009] performed best, closely followed by the aSum-P and aSum tests. Next came the aSumC-P and aSumC tests, which had higher power than the CMC test. Note that the naive naSum test had a hugely inflated type I error rate at 0.617.
When more nonfunctional (i.e. noncausal) common SNPs were added ( table 7 ) , the CMC test became the overall winner, closely followed by the aSumC-P and aSumC tests when the MAF of the nonfunctional SNPs was low. On the other hand, when multiple nonfunctional rare variants were added ( table 8 ), the Sum and aSum-P tests appeared to be the winners, closely followed by the aSum, w-Sum, aSumC-P and aSumC tests. Next came the CMC test.
For the nonideal situation with both positive and negative associations between the causal rare variants and the disease, the simulation results based on n = 500 and 1,000 replicates are shown in table 9 . Evidently our proposed aSum test and its permutation-based version aSum-P had higher power than the CMC, and even more significantly than the w-Sum test (and the Sum test). It is interesting to note that the SSU, SSUw and score tests also performed very well here.
When two common nonfunctional variants were added ( table 10 ), the aSumC-P and aSumC tests outperformed the aSum-P and aSum tests but CMC had even higher power while both the Sum and w-Sum tests per- The sum of the MAFs is set to be 0.05, a 0 = 0.1, n = 500. The significance level is at 0.05. The sum of the MAFs of the nine causal variants is set to be 0.05, a 0 = 0.1, n = 500, and the significance level is at 0.05.
formed poorly. In these situations, it was somewhat surprising that the score and SSUw tests were the winners; note that because the SNPs were not in LD, the score and SSUw tests were expected to be close. When more nonfunctional rare variants were added ( table 11 ) , the various versions of the aSum tests performed similarly, better than the CMC test, and far better than the w-Sum test, although the SSU test was an overall winner. Interestingly, for a higher sum of the MAFs for nonfunctional rare variants, the score and SSUw tests performed well; in contrast, if the sum of the MAFs was low, the score and SSUw tests had minimal power.
Example
Amyotrophic lateral sclerosis (ALS) is a fatal neurodegenerative disease leading to paralysis and death, typically within 3-5 years from onset. Despite evidence for a role for genetics, little is known about common genetic variants linking to sporadic ALS. Schymick et al. [2007] conducted a GWAS to identify genetic variants predisposing to developing ALS in a cohort of 276 American sporadic ALS cases and 268 neurologically normal controls. The original study assayed 555,352 unique SNPs for each subject. By testing each individual SNP separately, Schymick et al. [2007] identified a list of 34 most significant SNPs, although none of them was statistically significant after a genome-wide multiple test adjustment.
We randomly picked nine SNPs from the list of 34 significant common SNPs of Schymick et al. [2007] , including the most significant one, rs4363506, which had a p value of 6.8 ! 10 -7 by univariate 2-DF 2 test. For each of the nine SNPs, we extracted ten neighboring SNPs upstream and another ten downstream, then applied the default LD blocking algorithm implemented in Haploview (v4.1) [Barrett et al., 2005] to each 21-SNP region for the control group. Three SNPs were included in the LD block for SNP rs4363506, while four were included for SNP rs332389. As for any multimarker analysis, we had to choose an LD block [Gabriel et al., 2002 ] to analyze in a region of interest. The goal was to strike a balance between including as many informative SNPs as possible T he sum of the MAFs of the nine causal variants is sMAF, a 0 = 0.1, n = 500, and the significance level is at 0.05. We applied various multimarker genotype-based tests to each block for each of the nine candidate SNPs. We used the general 2-DF coding for each SNP. For two candidate SNPs, rs4363506 and rs332389, the aSum test based on B = 100 gave much more significant p values than the other tests, while the differences for the other seven SNPs were not big (not shown). However, by checking the Q-Q plots, we had some doubts about the goodness-of-fit of the far right tail of the proposed theoretical null distribution. Hence, we used B = 5 ! 10 6 for the aSum-P test ( table 12 ) . It is worth pointing out the dramatic p value differences between the Sum and aSum-P tests. Albeit not conclusive, the p values of the aSum-P test, which were more significant than those of the Sum test for the two SNPs, were in agreement with those of the UminP and other tests, suggesting possible follow-up studies on the two loci. T he effect sizes of the nine causal SNPs are (OR p , OR p , OR p , 0.5, 0.5, 0.5, 1.5, 1.5, 1.5) with OR p = 3. The sum of the MAFs of the nine causal variants is set to be 0.05, a 0 = 0.1, n = 500, and the significance level is at 0.05. T he effect sizes of the nine causal SNPs are (OR p , OR p , OR p , 0.5, 0.5, 0.5, 1.5, 1.5, 1.5) with OR p = 3. The sum of the MAFs of the nine causal variants is sMAF, a 0 = 0.1, n = 500, and the significance level is at 0.05. 9.0!10 -6 1.6!10 -5 1.3!10 -6 0.0122 1.8!10 -6 rs332389 3p14.1 0.0011 1.7!10 -6 6.4!10 -6 1.0!10 -5 0.0108 1.0!10 -6
Discussion
We have proposed and studied a data-adaptive aSum test for genetic association with multiple common and/or rare variants. As the Sum test, it aims to minimize the cost of high DF and eliminate the need for multiple testing adjustment while utilizing information on multiple variants; these multiple variants may be SNPs in LD in a sliding window or LD block, or may be unlinked rare variants. Its major advantages include its easy use, simplicity, and applicability to both common and rare variants. We used permutations to correct for the effects of the data-adaptive aSum test on the null distribution of the resulting score (or Wald) test statistic. We also discussed the use of an approximate null distribution to derive p values based on a small number of permutations to save computing time; however, the theoretical approximation may not work well, and further studies are needed. Therefore, whenever feasible, e.g. in candidate gene association studies or with parallel computing resources, we recommend the use of the permutation-based aSum-P test. We conducted extensive simulations to evaluate its performance for common variants, establishing its superior performance over a wide range of scenarios. We also empirically compared its statistical power with other methods for rare variants, showing its potential use and improved performance in some situations. In anticipation of the future use of next-generation resequencing and other technologies to survey genetic architectures of both common and rare variants, further studies are needed to evaluate its performance for rare variants. In particular, to maximize power in practical situations, it would be desirable to incorporate automatic variant selection before applying the test.
